The processing costs of US corn ethanol have declined by 45% since 1983 as production volumes have increased seventeen-fold. We investigate the role of various factors that could explain this, including economies of scale, cumulative experience, induced innovation in response to rising input prices, an autonomous technological change, and trade induced competition from imported ethanol. Using data on dry-mill ethanol processing costs over the 1983-2005 period, we find evidence to show that US corn ethanol production exhibited decreasing returns to scale, that learning by doing played an important role in reducing these processing costs with a learning rate of 0.25, and that sugarcane ethanol imports contributed to making the corn ethanol industry more competitive. Other factors such as the rising prices of energy and labor did induce lower processing costs, but the effect is not statistically significant. The inclusion of these competing explanations for the reduction in processing costs of US corn ethanol lead to a significantly higher learning rate than otherwise, and this learning rate is found to be robust across specifications.
Introduction
Concerns about energy security and climate change mitigation have stimulated growing interest in the production of biofuels to displace fossil fuel sources. Various forms of government support are being provided to stimulate a transition to a low carbon economy, including production mandates, tax credits, and a tariff on biofuel imports. The Energy Policy Act of 2005 (EPAct, 2005 and Energy Independence and Security Act of 2007 (EISA) have set volumetric production targets for biofuel production to provide an assurance of demand and to accelerate production beyond levels that would be supported by a free market. Additionally, tax credits for corn ethanol and the ban on methyl tertiary butyl ether (MTBE) as a gasoline additive have also contributed to increased production of corn ethanol that exceeded the mandated level in some years (RFA, 2010) . The tax credits have fallen over time from $161/m 3 in 1984 to $140/m 3 in 1990 and were further between cumulative ethanol production levels and the processing costs of corn ethanol and sugarcane ethanol, respectively. Other studies show that cost of production is affected not only by cumulative experience but by other factors as well. Returns to scale were found to be important sources of productivity growth in the solar photovoltaic (PV) and wind energy industry (Isoard and Soria, 2001) . Papineau (2006) shows that the effects of cumulative experience on cost reductions in solar PV and wind energy become statistically insignificant when a time trend (representing an autonomous technological change) is included. In a parallel study, Nemet (2006) finds that R&D and knowledge spillovers are the two most important factors driving cost reductions in the PV industry with LBD having a weak effect during the period 1975-2000. In the context of the corn ethanol industry, several factors, such as economies of scale, rising factor prices, market competitiveness, and autonomous technological changes, could also be relevant in explaining the reduction in processing costs in addition to cumulative production experience. Economies of scale reduce per unit production cost as the size of corn ethanol facility and output increase, while the increase in prices of factors (such as energy and labor) used intensively in the production are likely to induce factor-saving innovation. The average installed capacity of corn ethanol plants has increased by 265% from 1980 to 2005 (Hettinga et al., 2009) . Energy prices increased by 30% and labor costs by 20% over this period (United States Department of Labor, 2010) . Despite the presence of the import tariff, ethanol imports have grown by more than twelve-fold from 0. Competition from these imports could have also stimulated technological change in the corn ethanol industry. It is also possible that the reductions in the processing costs of corn ethanol could be attributed to research and development (R&D) or a time trend and unrelated to industry production levels, input prices, LBD, or trade related competition. This paper quantifies the contributions of various factors to the reduction in the processing costs of US corn ethanol, including LBD, economies of scale, factor price changes, market competitiveness, and autonomous technological changes. We first present a simple cost-minimization model to develop hypotheses about how these factors affect average costs of production and then test these hypotheses using data on processing costs of corn ethanol in the dry grind production process over the timeframe . This paper contributes to the literature examining the effects of LBD on average costs of ethanol production by showing that learning rates (LR), defined as the percentage reduction in unit costs of production with each doubling of cumulative experience, are sensitive to the inclusion of other factors that influenced these costs of production.
The rest of this paper is organized as follows: Section 2 presents conceptual framework, while Section 3 introduces the methodology and empirical estimation strategy. Section 4 describes the data used for the analysis. Section 5 presents the results, followed by Section 6 that provides conclusions and policy discussion.
Conceptual framework
Costs of production are likely to be affected by several factors including LBD, which decreases costs of production as production experience accumulates. Empirical evidence of LBD was first identified in the airframe industry by Wright (1936) . Arrow (1962) formalized the underlying mechanisms by which knowledge gained by learning during production reduces future costs of production. Numerous empirical studies have estimated the LR for renewable energy technologies, such as solar, wind, nuclear, and biofuels. These studies show that LRs range from 0.15 for electricity generated from biomass to 0.35 for solar PV (see review studies by International Energy Agency, 2000; McDonald and Schrattenholzer, 2002) . Hettinga et al. (2009) In addition to cumulative experience, economies of scale in the production process could also lead to a reduction in per unit costs in industries with high capital costs. As the scale of output increases, unit production costs move along the U-shaped average cost curve to the right. With the increased average installed production capacity of corn ethanol plants, economies of scale in corn ethanol industry may also contribute to the reduction in the processing costs. Empirical evidence in US manufacturing and processing industries, including electric power generation, petroleum refining, and primary metals has shown the importance of upscaling production in reducing unit costs of production (Christensen and Greene, 1976; Haldi and Whitcomb, 1967) .
According to Hicks' theory of induced innovation, changes in relative factor prices lead to innovations that reduce the need for the relatively expensive factor (Hicks, 1932) . Evidence from recent studies shows that high factor prices have led to energyefficient innovation and the adoption of more energy-efficient technologies in several industries, such as air conditioning and water heating (Newell et al., 1999) , and coal liquefaction and solar energy (Popp, 2002) . In the case of the corn ethanol industry, energy and labor costs account for 54% and 12% of the total costs of production of corn ethanol (Hettinga et al., 2009 ). An increase in the prices of these factors could either raise the cost of production of corn ethanol, if production technology remains unchanged or it could induce firms to innovate and reduce reliance on these factors of production. Data show that despite the increase in energy prices and labor costs, energy and labor related costs in processing one unit of corn ethanol in total processing costs have declined from 58% and 23% to 54% and 12%, respectively (Hettinga et al., 2009 ). This would be consistent with Hicks' induced innovation theory that an increase in input prices stimulated corn ethanol producers to make energy-saving innovations and increase their efficiency in operating machinery and managing workers which led to lower costs of production.
In addition to the above factors, studies suggest that competition due to international trade stimulates innovation and efforts to lower unit production costs to maintain market share (Fagerberg, 1988; Fransman, 1986) . These studies show that the economic success of the machine tool industry in Japan and in various Asian industrialized countries can be partly attributed to increased international competition in that industry and the need for technological innovation to maintain market share. In the case of corn ethanol, competition for market share with sugarcane ethanol imported from Brazil could have induced the industry to improve the technology and lower costs of production to increase its market share.
Reductions in unit production costs could also be attributed to technological change in the industry stimulated by R&D or to exogenous factors and be unrelated to industry production levels, input prices, or trade related competition. Innovation in related industries, such as enzymes used for corn ethanol production and improvements in fermentation technology which reduce energy needs for evaporation could explain some of the observed reduction in processing costs of corn ethanol. The prices of enzyme used for corn ethanol production have fallen by 70% since 1980 and the efficiency in the use of enzyme has increased (Hettinga et al., 2009) . To the extent that these changes occurred autonomously and were unrelated to the size of the industry, their impact would be captured by a time trend. In addition, the prices of byproduct of corn ethanol production, Dried Distillers Grains with Solubles (DDGS), and the federal fuel excise-tax credits could have also spurred the development of more efficient technology for production of corn ethanol. The lack of data precludes the inclusion of prices of DDGS and enzymes in our econometric analysis. We do not anticipate these omitted variables to be correlated with explanatory variables considered in the econometric estimation and therefore the omission of these variables is unlikely to lead to a specification bias. Nonetheless, we perform a model specification test discussed in Section 3 to examine omitted-variable related model misspecification.
Methodology and empirical estimation strategy
We develop a simple cost minimization model in which one final good is produced with two inputs to set up notations, to illustrate the factors affecting average costs, and to build empirical strategies for econometric estimation.
Methodology
We consider a representative producer who uses two inputs x 1t and x 2t to produces q t at time t with a Cobb-Douglas production function q t ¼ AðQ t ,S t ,tÞx
. A(Q t ,S t ,t) is the total factor productivity (TFP) at time t, which depends on cumulative production (Q t ), cumulative imports (S t ), and a time trend (t). We assume (@A(.))/(@Q t )40,(@A(.))/(@S t )40, and (@A(.))/(@t) 40 indicating that LBD, international trade induced market competitiveness, and autonomous technological changes increase the TFP. Prices of two inputs are represented by p 1t and p 2t . We let r ¼ a 1 þa 2 , where a 1 , a 2 40. If r 4(¼ )1, the production function exhibits increasing (constant) returns to scale. With r o1, the production function shows decreasing returns to scale. The producer chooses x 1t and x 2t to produce a given quantity of output q t by minimizing total production costs as shown in (P),
2t : First-order conditions lead to:
Total costs of production (TC t ) can be derived as:
where
The expression of average costs of production AC t is shown in Eq. (3) by dividing q t on both sides of (2),
Taking the natural logarithm of each side of (3) yields:
From (4), we see that average costs of production depend on the production level q t , the TFP A(.), input prices p 1t and p 2t , and a constant D. We can make three observations from Eq. (4). First, with increasing returns to scale of production (r 41), average costs would decline as the production increases and vice versa; with constant returns to scale of production (r ¼1), average costs would not be affected by q t . Second, an increase in A(.), which can be induced by LBD, an increase in market competitiveness, or exogenous technological changes, would lead to a reduction in average costs of production. Finally, since a 1 and a 2 are positive, an increase in input prices would result in higher average costs if production technology remains constant, as shown in the third and fourth terms of the right hand side of Eq. (4). However, the increases in factor prices could also induce the adoption of more efficient production technologies and an improvement in worker' skills, which would increase the TFP A(.) (Newell et al., 1999; Popp, 2002) . Thus, the effect of changes in factor prices on unit costs of production is ambiguous, and requires empirical examination.
The literature developing the LBD approach to explain the reduction in production costs represents the relationship between average costs and accumulated production experience by the following expression:
where GDP t is Gross Domestic Product (GDP) deflator to adjust nominal average costs, b is the experience index, C 0 is a constant, and PR is the progress ratio, representing the rate at which average costs decline with each doubling of cumulative production. LR is expressed as 1-PR. For instance, a PR of 0.85 implies that unit costs decrease by 15% with each doubling in cumulative production, and the LR is 0.15. Taking the logarithm of (5) yields:
Comparing (4) and (7) we can see that one needs to make the following assumptions for (7) to hold: (1) constant returns to scale in the production process (r ¼1), (2) cumulative production is the only factor driving the cost reduction (Q t b ¼ Að:Þ Àð1=rÞ ), and (3) GDP t can capture the changes in factor prices (GDP t ¼ p a 1 =r 1t p a 2 =r 2t ). Moreover, Eq. (7) is based on the assumption that the other factors discussed above do not affect the average cost of processing in the corn ethanol industry. If one uses (7) to explain the reduction in average production costs instead of (4), omittedvariable bias could cause the coefficient estimate of b to be incorrectly estimated.
Empirical estimation strategy
In the empirical estimation, we consider the processing costs of dry grind corn ethanol only. That is because dry milling has become the primary process for corn ethanol production in the US; the share of dry-milled corn ethanol production in total ethanol production increased to 67% in 2005 and reached 88% in 2010 (RFA, 2010) . Unlike the dry milling plants that focus solely on ethanol production, the wet milling process separates the corn grain into several components, including corn starch, fiber, gluten feed, gluten meal and corn oil, and only corn starch can be used for the production of ethanol. Thus, yields in wet milling plants are generally lower in comparison to yields in dry grind plants (Shapouri and Gallagher, 2005) . In addition, the development of the wet milled process has remained stagnant and no new wet milling plants have been built since 1990 (RFA, 2010) .
We decompose the TFP A(.) into three components: LBDinduced technological changes, autonomous technological changes (represented by a time trend), and market competition induced technological changes denoted by cumulative sugarcane ethanol imports. The empirical analysis uses Eq. (8) to examine the significance of different factors in explaining the reduction in US corn ethanol processing costs, including economies of scale, LBD, market competitiveness, factor prices, and exogenous technological changes. We use energy and labor prices to represent factor prices.
where AC t is the processing cost of corn ethanol at time t after the adjustment of GDP deflator, q t is corn ethanol production in a dry grind production process at time t, Q t is the cumulative dry grind corn ethanol production at time t, S t is cumulative sugarcane ethanol imports at time t, p it are input prices at time t, t is time effect capturing exogenous technological changes from R&D; and e t is the error term.
We estimate Eq. (8) using ordinary least squares (OLS) method under the null hypothesis that the independent variables are exogenous and the error term is independent and identically distributed (iid). Like other existing studies that examine technological learning in renewable energy sectors, particularly PV, wind, and ethanol, our analysis also uses a small dataset that spans the period 1983-2005 (see Isoard and Soria, 2001; KahouliBrahmi, 2008; McDonald and Schrattenholzer, 2002; Soderholm and Sundqvist, 2007) . We use the same data set as Hettinga et al. (2009) and within the confines of that dataset our main purpose is to examine the robustness of the estimated LR to the inclusion of the other factors introduced in Eq. (8) and to compare our findings to those of Hettinga et al. (2009) .
Our empirical estimation could suffer from three major problems. First, the use of time series data could lead to serial correlation in the error term. Second, the inclusion of cumulative production capacity could lead to endogeneity bias, because some unobservable factors could affect both cumulative production and costs of production (see Kahouli-Brahmi, 2008; Soderholm and Sundqvist, 2007) . Third, as noted the lack of data precludes us from including other variables that could have affected the costs of production, leading to the potential for omitted variable bias. Additionally, the choice of variables to include in the estimation of Eq. (8) is limited by the available data as mentioned above. To examine the effect of returns to scale on costs of production we include the annual corn ethanol production at the industry level as a proxy. We note (as in Soderholm and Sundqvist, 2007) that this is a rough indicator of the returns to scale effect, but the lack of annual data on the number of ethanol plants has precluded us from including the production capacity per plant as a measure of scale.
We conduct a number of tests to examine the appropriateness of our estimation strategy. We estimate Durbin-Watson (DW) and Breusch-Godfrey Lagrange Multiplier (LM) statistics to test for the presence of first-order autocorrelation. We perform the Ramsey Regression Equation Specification Error Test (RESET) to test for omitted-variable related model misspecification (Ramsey, 1969) , and the Hausman test for endogeneity of the cumulative production level (Greene, 2008) . 
Data
We assemble the data on industry-level corn ethanol processing costs and production volumes in the dry milling production process, input prices including energy price index and wage, and cumulative sugarcane ethanol imports from several sources. Data on corn ethanol processing costs and dry-milling corn ethanol production are obtained from the same sources as reported in Hettinga et al. (2009) , which cover fiscal years 1983-2005. Industrial processing costs include costs for energy, enzymes, labor, maintenance and chemicals, and do not include costs for corn and capital. We obtain the energy price index and wage from US Bureau of Labor (2010). Historical sugarcane ethanol imports by the US are taken from Van den Wall Bake et al. (2009) . All corn ethanol production and sugarcane ethanol imports are converted to million m 3 . Costs and prices have been adjusted to 2007 prices using US GDP deflator.
Results
We estimate five alternative specifications of the model presented in Eq. (8) using OLS regression method. Model (1) tests the validity of the experience curve approach with cumulative corn ethanol production as the only explanatory variable. Model (2) adds corn ethanol production and factor prices, while model (3) includes a time trend to examine the importance of exogenous technological changes in achieving cost reductions. In models (4) and (5) Table 1 . In addition, we perform decomposition analyses using the information obtained from these regressions to examine the relative importance of each explanatory variable in explaining the reduction in processing costs of corn ethanol. While the regression analysis by itself emphasizes the statistical significance of the regression coefficients, the decomposition analysis shows how much of the variation in dependent variables is accounted for by each of the independent variables (Fields, 2004) . The variance of the dependent variable is decomposed into the sum of components attributable to each explanatory variable and the residual. The results of the decomposition analysis are shown in Table 2 .
Regression analysis
We find that the coefficient on cumulative dry-milling corn ethanol production is significantly different from 0 at the p o0.01 level in model (1) with a coefficient of À 0.184, implying a LR of 12%. The result is consistent with the coefficient estimated in Hettinga et al. (2009) (2)- (5) with the inclusion of additional explanatory variables, the DW and Breusch-Godfrey LM test statistics show no evidence of the presence of autocorrelation. The Ramsey RESET test also indicates that models (2)-(5) are well specified, and are not subject to omitted variable bias. According to the Wu-Hausman test statistics, we do not find evidence that cumulative corn ethanol production is an endogenous variable in models (2)-(5).
In regression (2) we include factor prices and annual corn ethanol production as explanatory variables in addition to cumulative corn ethanol production. We find the coefficient on corn ethanol production is positive and significantly different from 0, which suggests that there are decreasing returns to scaling up corn ethanol production at the industry level. The scale effect could be reflecting reduced efficiency of ethanol production, diminishing returns to managerial inputs, and rising costs of procuring key inputs (such as chemical and enzymes) to the expansion of corn ethanol production at a point in time. It is important to note that although the increase in the scale of the industry at a given point in time raises the processing costs of ethanol, it also contributes to cumulative production levels over time and leads to a reduction in these costs with an implied LR of 0.22. The coefficients on energy price index and wage are negative and statistically significant at 5% and 10% levels, respectively. That shows that the increase in factor prices has provided incentives for corn ethanol producers to adopt more energy-efficient technologies and to improve workers' skill in manual and semi-manual tasks with the intent of reducing production costs. Results showed here suggest that excluding other factors considered here could be leading to omitted-variables bias. The adjusted-R 2 in model (2) is 0.96, higher than that in model (1), indicating that model (2) explains a larger portion of the variability in processing costs of corn ethanol. In model (3) we add a time trend variable. However, we find that the time trend coefficient is not statistically significant, suggesting that the reductions in corn ethanol processing costs cannot be simply explained by exogenous technological improvements over time. Again, the coefficient on cumulative production of corn ethanol is positive and statistically significant from 0. The implied LR is now 19%. The coefficient on the scale of corn ethanol production is positive as in model (2). Although the coefficient signs of energy price index and wage are similar to those in regression (2), they are not statistically significant.
We examine the effects of cumulative sugarcane ethanol imports on the reduction in corn ethanol processing costs in regressions (4) and (5). As shown in the last two columns of Table 1 , we find that a portion of production cost reductions of corn ethanol can be attributed to the increase in cumulative sugarcane ethanol imports. The coefficient of this variable is statistically significant at a 10% level and has a negative sign in both models (4) and (5). The coefficients of the scale of corn ethanol production and cumulative corn ethanol production variables are still as expected and statistically significant. The LR estimated using regression (4) is 20%, while the LR implied by regression (5) is 25%. Similar to regression (3), there is little evidence that exogenous technological changes have led to a reduction in processing costs of corn ethanol. In both regressions, the coefficients on energy prices and wage have the same signs as in models (2) and (3), but they are not statistically significant.
We also examine the role of tax credits in affecting corn ethanol processing costs over this period by including the level of the tax credit as an explanatory variable in model (5). However, we find that the effect of these tax credits was not statistically significant; this is possibly because its effect may have been captured by the time trend variable and/or the cumulative production variable.
3 This indicates that the tax credit did not have a direct effect on processing costs due to the other variables included in model (5); instead the tax credit may have indirectly Table 2 Decomposition analysis of the factors contributing to the reduction in processing costs of corn ethanol. 3 We examine the effect of the provision of corn ethanol subsidy in reducing corn ethanol processing costs by including the level of the Volumetric Ethanol Excise Tax Credit (VEETC) as a time varying variable. Since the VEETC is the same for all producers and changes very slowly over time we find that its coefficient is not statistically significant at 10% level; the statistical significance of other coefficients is the same as model (5). affected processing costs and promoted learning by inducing additional corn ethanol production.
We plot fitted values of industrial processing costs of corn ethanol obtained from models (1) and (4) 
Decomposition analysis
We examine the relative importance of the different explanatory variables in explaining the variation in the processing costs of corn ethanol. We follow the regression-based decomposition approach introduced by Fields (2004) . The purpose of the decomposition analysis is to decompose the explained portion of the regression into weights for each of the explanatory variables. Thus, the decomposition analysis can reveal the information content of each explanatory variable in explaining the reduction in the processing costs of corn ethanol. The decomposition approach has been widely used in income inequality studies (for a detailed discussion, see Fields, 2004) .
The decomposition analysis can be implemented in the following way. Given the regression Eq. (8), let X t be the vector representing all explanatory variables so that X t ¼ ðX
logp it ,tÞ, and b ¼ ðb
Þ is the associated coefficient vector. Then Eq. (8) can be rewritten as:
The variance of the dependent variable logAC t can be expressed as: 
where ''p-weights'' represents the explanatory power of each factor as a percentage of R 2 , and denotes the relative importance of these explanatory factors in explaining the variation in the processing costs of corn ethanol.
In Table 2 , we present the results of the decomposition analysis for models (2)-(5). We find that the annual scale of corn ethanol production accounts for the largest share in explaining the variation in the processing costs of corn ethanol with a p-weight of 60% for all models considered here, while the contribution of the cumulative corn ethanol production is 35%. Together, these two variables explain about 95% of the changes in US corn ethanol processing costs. The changes in energy and labor prices, account for 3.4% and 0.9% of the cost reductions only in models (2) and (3), respectively. Their contributions decrease to 0.8% and 0.2% when cumulative sugarcane ethanol is included in models (4) and (5). The explanatory power of cumulative sugarcane ethanol is 4%, higher than these made by factor prices. We find that the time trend has very small explanatory power in explaining the reduction in the processing costs of corn ethanol.
Conclusions and policy implications
Reliable estimation of LRs for renewable energy production is important, because it affects the assessment of the costs of government policies to promote renewable energy. This paper quantifies the role of various factors in explaining the reduction in processing costs of US corn ethanol over the period 1983-2005, including economies of scale, LBD, induced innovation in response to rising input prices, autonomous technological change, and international trade induced competition from imported ethanol. The experience curve approach has been widely used to explain the cost reductions in renewable energy production. This approach typically summarizes all factors associated with cost reductions into a univariate relationship between cumulative production and unit costs of production. However, it disregards other factors that could also have affected technological change in the industry and thus may lead to biased estimates of LRs.
We present several new findings. First, we find strong evidence that US corn ethanol production exhibits decreasing returns to scale at the industry level. Second, we find that LBD has played an important role in achieving a reduction in processing cost of US corn ethanol. Third, sugarcane ethanol imports contributed to the reduction in processing costs of corn ethanol by increasing market competitiveness. Finally, based on the regression results, we find little evidence that cost reductions of dry-milling corn ethanol can be attributed to exogenous technological changes.
The decomposition analysis reveals that annual corn ethanol production and LBD together accounted for 95% of the variation in processing costs of corn ethanol, while cumulative sugarcane ethanol imports contributed to 4%. Energy and labor costs are found to explain 0.8%-3.4% and 0.2%-0.9% of the reduction in the processing costs of corn ethanol, respectively, depending on model specifications. The role of exogenous technological change in the reduction of processing costs of corn ethanol is very small.
Results presented in this study have several implications for policies to support the development of an emerging industry like corn ethanol. The presence of learning from others in the industry implies the existence of knowledge externalities; other firms benefit from production activities and experience of a pioneering firm. This will create incentives for firms to delay investment in a new plant/new technology in order to benefit from the experience of others. If the market failure due to knowledge externalities is left uncorrected, the supply of ethanol will be underprovided compared to the socially desired level. This reinforces the need for policies such as biofuel mandates and subsidies to induce ethanol production beyond the free market level and increase the competitiveness of the industry over time. Although we did not examine the effects of these policies explicitly we do find that as cumulative production of the industry increased over time, the industry was able to move down the learning curve and realize efficiencies that would not have been possible otherwise. We also find that the gains from learning are largest for an infant industry; thus policies to enhance LBD are most beneficial at initial stages of growth of an industry and this justification for policy support decreases as the industry expands. Furthermore, the finding that rising input prices did not have a significant impact on processing costs in the corn ethanol industry suggests that policy instruments that increase input prices, such as a carbon price policy, may not be as effective in inducing innovation as LBD. This might be due to limited technological alternatives for these inputs or high costs of increasing input-use efficiency. Further research is needed to determine the relative efficacy of alternative policy instruments in promoting technological change in the industry.
Lastly, our results show the importance of policies that reduce trade barriers and promote international competition. Sugarcane ethanol imports had the positive impact of lowering the costs of corn ethanol production by increasing market competitiveness. The elimination of the tariff can in the long run have the direct positive effect of lowering costs of production by increasing competition. However, trade liberalization in biofuels also reduces domestic ethanol production and slows LBD. Optimal levels of protection given to an infant industry require weighing the benefits for technological development by increasing international competition with the loss in domestic LBD due to reduced domestic production.
Overall, our results suggest that biofuel policies played an important role in inducing technological progress in the biofuel industry by inducing greater production than free market levels. Assessment of the impact of biofuel policies that ignore this impact on technological learning will tend to overestimate the economic costs of these policies.
